Early tumor detection is a key factor in reducing breast cancer mortality. Screening mammography is the most widely available method for early cancer detection. However, the large amount of images to be read at each radiological session stress the radiologist ability to process each case with uniform attention. Computer aided detection (CADe) systems can improve tumor detection rate; but the current efficiency of these systems is not adequate and the correct interpretation of CADe outputs requires more time from the experts. Computer aided diagnosis systems (CADx) are being designed to improve cancer diagnosis accuracy and reduce radiological workload; but the efficiency CADx in screening mammography is not yet adequate for clinical use. Our hypothesis is that CADx sensitivity for mammography applications can be enhanced by considering the natural symmetry between the right and left breast. The primary objective of this work is to evaluate co-registration algorithms for the accurate alignment of the left to right breast for CADx applications. Three different set of registrations algorithms were tested: One based on B-Spline deformable transformations and two based on Demon's free form deformations. A set of mammograms was artificially altered to create a ground truth set of 132 images for the evaluation of the registration efficiency. The registration accuracy was visually inspected and quantitatively evaluated using mean square error, mutual information and correlation metrics. The results indicated that the B-Spline deformable registration outperforms Demon's for the task of registering mammography images.
INTRODUCTION
Breast cancer is a leading cause of death in females around the world 1 . The most cost-effective modality for detecting breast tumors in early stages is screening mammography. Abnormalities in mammography images are classified as calcifications, masses, subtle signs of architectural distortion and bilateral asymmetry. In recent years there has been a great effort in research to develop computer-aided detection (CADe) and computer aided diagnosis (CADx) systems that use computer technologies to assist radiologist's decisions or improve performance.
Brest tissue is highly heterogeneous varying in size, form, and internal architecture. This heterogeneity makes radiological interpretation difficult and only highly trained radiologists are able to make accurate reads form standard mammograms. Computer algorithms have to be robust enough to deal with the natural variations of breast images. The automated interpretation of breast tissue abnormalities from mammograms can be enhanced by comparing the images of the same patient, in either the same breast at different visits, or using the left and right breast images (bilateral comparison) 2 . Consequently, a robust and efficiently way to aid the computer interpretation of mammographic images is to automatically align or co-register the images 3 .
Image registration has been widely used in medical applications [4] [5] [6] [7] [8] . Several approaches use image features like breast boundaries. The internal feature provides information for a more robust registration. Salient regions extracted using wavelets 7 , iso-intensity contours 5 and steerable filters 8 are examples of image internal features used for registration The soft nature of breast tissue make them highly deformable; therefore, non-rigid registration methods are required for accurate co-registration [10] [11] [12] . Although the use is image registration is common, a direct comparison among methods in breast imaging has not been fully explored. The most recent a comparison of algorithms based on a retrospective 1 *jose.cpadilla@gmail.com evaluation was published by West et al. but it was constrained to do intra-patient rigid registration 9 .
The objective of this work was to review three deformable registration algorithms tailored to perform bilateral intrapatient breast registration of mammographic images, compare their performance and select the best bilateral registration approach that can be used to enhance CADx sensitivity.
METHODOLOGY
In order to analyze the performance of the bilateral registration, we followed the process shown in figure 1. The process required three mayor developments. The first development was the creation of a synthetic image data set from real bilateral cranio-caudal (CC) and bilateral medio-lateral oblique (MLO) mammographic views of cancer free patients. The second development was the codding of a deformable registration framework that can be used on different registration algorithms. The third development was to extract similarity metrics between the synthetic deformable set and the outputs from the automated registration process. 
Synthetic dataset
There are a few data sets of images typically used to test CADx systems. However, many data sets suffer from the heterogeneity present in the images by different scanners, different process of digitalization of the film, and off course the breast organ dynamism itself. While this is a good factor for a more robust classification system. In this approach, we tried to limit and minimize the effect of those factors present in the dataset. In order to limit those effects and have the ground truth on image, we created a synthetic image dataset in which we have better control of the modifications. This approach is commonly used in many registration methods that compare synthetic images such as geometric figures, or a set of specific cases for the field of interest 3 . Nevertheless our approach tries to test the capabilities closer to a real world scenario, and bilateral registration have special problems, noise, high contrast, high dense areas, size mismatch between breast and other artifacts. We created a synthetic dataset based in selected cases of the Digital Database for Screening Mammography (DDSM) 13 , the selected cases were typical individuals classified as normal, calcification and/or masses.
The new dataset was created by taking in consideration the common alteration that a mammography may suffer in screening procedure in which the breast can suffer, misalignment in the breast, over or under pressure, the movement of the patient. Also since the breast is a highly dynamic organ is very common the asymmetry in sizes of breasts, those alteration along with the typically signs of cancer such as calcifications, and masses could deform the breast (palpable lesion by the patient).
The process to create the data set was as follow. From cancer-free images, a series of modifications were performed, first lesions (calcifications and masses) were added. Real cancer lesion from a set of true positive patients were cropped, then pasted and finally blended to the normal image. The lesions were obtained from other cases with proven malignancies, and using the contours provided by the DDSM. Next the following transformations were applied: rotation, compression, deformation, and expansion. Those transformations were implemented using only global transformations in order to preserve the changes along the entire image. A total of 132 images were developed, 33 for right CC, 33 for left CC, 33 for left MLO, and 33 for right MLO, plus the right CC, left CC, left MLO and right MLO. All images were sized to 4376
x 2728 pixeles, keeping 16 bits per pixel and using 0.05/0.05 square pixel spacing. Images were saved in DICOM format (dataset available at http://bioinformatica.mty.itesm.mx/). The breast tissue was segmented by keeping the largest connected component of the intensity thresholded image. The threshold value was unique for each image and estimating from the image noise present in the background. Visual inspection was performed to supervise the correctness of the segmentation.
Registration framework
We used Demon's 14 and local multi resolution method with B-Splines transforms 15 .
Demon's
The Demon's algorithm 14 is based on Maxwell's paradox, making reference to those Demons in which every pixel in the reference image is applying a force in the moving image by pushing the contours of the image in the normal direction of the fixed image. The Demon's algorithm relies on the assumption that pixels representing the same homologous point on an object have the same intensity on both the fixed and moving images to be registered in (1) .
This algorithm handles the registration as a diffusion process, where the diffusivity is related to the local characteristics of the region to be register. This method does not minimize a global objective function; instead it works locally following the optical flow principle using a deformation field. The algorithm was made using the Thirion et al 14, 16 implementation from the Insight Toolkit (ITK) 17 .
In the above equation 1, D(X) is the displacement or optical flow between the images, f (X) is the fixed image, m(X) is the moving image to be registered 14, 16 .
We also used a variation of the Demon's algorithm, which takes in account both gradients of the fixed and moving images in order to compute the deformation forces. This mechanism for computing the forces introduces symmetry with respect to the choice of the fixed and moving images k in (2)
The framework for Demon's registrations was as follow: First the moving image (image to be registered) is swapped if needed, then a down sampled from both the moving image and the target image is generated at a resolution of 219x136. Then a histogram matching is applied to ensure that both images have the same scale of intensities, afterward registration is performed on the down sampled images, and the deformation field D(I) (equation 1) is calculated. Then the deformation field D(I) is up sampled to the original dimensions to match the original size, and the original moving image is warped using the deformation field to generate the registered image. The set of parameters were obtained empirically by testing combinations of parameters with different sample images.
B-Spline
The B-Spline deformable transform is based on deforming an image by modifying a mesh of control points following a maximization of a similarity measure 6, 15 . The degree of deformation of the mesh can be adjusted with the resolution of the mesh. For this algorithm we used a multi resolution approach, similar to the Demon's approach. First, the images are registered in the lowest resolution. The B-Spline transformation parameters are then moved into the next resolution and parameter optimization is run again. This often avoids local minima in the parameter search space and reduces computational time 15 .
One key difference from the Demon's algorithm is that B-Spline based algorithm is minimizing a global similarity between images. For this algorithm the framework was as follow: First, the moving image (image to be registered) is swapped. Then, both the moving image and the target image are resampled into an image of 219x136. Then, the pyramids for the multi-resolution are generated. Afterwards registration is performed. Finally, the original moving image is deformed using the final parameters of the registration. In this implementation, mutual information metric was used as similarity metric. The implementation was made based in the Insight Toolkit (ITK) libraries 17 . The B-Spline parameters were not optimized and selected based on good results based on visual inspection.
METRIC QUANTIFICATION
The measurements used for similarity were: sum of square differences, correlation coefficient, and information-theoretic such as mutual information.
The sum of squared differences (SSD) in (3) assumes that the images are identical at registration except for (Gaussian) noise. This metric is sensitive to outliers: small number of voxels having large intensity differences. In the equation, f(x) is the intensity at a position x in an image, m(t(x)) is the intensity at the corresponding point given by the transformation t(x). N is the number of pixels in the region of overlap 18 .
The SSD measure makes the implicit assumption that there are no differences between intensity profiles. A slightly less strict assumption is to assume a linear relationship between the intensities. In this case, the optimum similarity measures is the correlation coefficient CC. Equation (4) describes the correlation coefficient, where f(x) is the intensity at a position x in the fixed image, and m(t(x)) is the intensity at the corresponding point given by the transformation t(x) in the moving image, and N is the number of pixels in the region of overlap. =
Another well know similarity measurement is the mutual information (MI) shown in equation (6) . MI provides a measure of probabilistic dependence between two intensity distributions. The most commonly used measure of information in image processing is the Shannon-Wiener entropy measure H in (5), originally developed as part of communication theory in the 1940s 19 .
In (5) H(X,Y) represents the joint entropy, and H(X) the individual entropy of random image X, Y, N stands for the number of intensity levels, and Px (Pxy ) is the probability of value X (x,y) in the (joint) probability distribution of variable X (X and Y ).
Image processing were performed using a Core 2 duo computer using windows 7, C++, in 20 and libraries from the Insight Toolkit (ITK) 17 .
RESULTS AND DISCUSSION
In figure 2 , we observe a representative result of the registration procedure for the B-Spline and Demon's registration methods. The final metrics for each method is shown in figure 3 (a) , and it is clearer the impact of the registration. The difference against ground-truth (no registration) against both registered cases is more noticeable and the tendency of improvement is visible in all methods. For bilateral registration the results are similar; however, the Demon's variant achieved a relative better result.
For compression, movement and deformation test described in table 1, B-Spline performed very well and outperformed Demon's in some scenarios. We noticed that in some cases, the Demon's methods introduced noticeable artifacts inside the breast, whereas the B-Spline did not. Other major point is the homogeneity of the results in each method. B-Spline have stable behavior in all the tests, while Demon's results varied. This can be explained by the fact that Demon's is minimizing local differences. Furthermore, B-Spline algorithm was able to register the images in less than 100 iterations. Demon's needed between 300 -1000 iterations to complete the registration. The results of the correlation in figure 4 and mean squares metrics in figure 5 followed a similar performance to the mutual information. The Demon's variant showed a better performance, however the internal deformations lead to unnatural deformations, and the internal structure of the breast was altered. The correlation metric did not show the same degree of differences, but it showed that the co-registration improved the values. The mutual information metric clearly highlighted differences among methods. Besides differences in metric methodologies, all the metrics improved their reference values by 0.6, 0.52, 0.74 for B-Spline, Demon's. Demon's gradient variant respectively. 
CONCLUSIONS
In this work we presented a methodology to evaluate the performance of automated deformable registration methods for bilateral mammography aimed to select a suitable deformable registration method for CADx systems. Our work differs from others, in two key aspects. First, a new synthetic data set with ground truth-values was generated from real cancer and cancer-free subjects which is public available to evaluate new and existing CADx systems. Previous works tested their methods on heterogeneous sets with unknown transformations. Second, our approach focuses the differences in registration on differences in tissue, ignoring differences from background signal.
The results showed that the B-Spline transformation algorithm is suitable for the task. Although in some test Demon's showed a better performance, Demon's can lead to unrealistic transformations that may bias the radiological interpretation of the image.
We demonstrated that B-Spline transformation for deformable registration outperformed the constrained free-form transformation of the Demon's algorithm: Quantitatively obtaining better metrics and visually did not produce noticeable artificial artifacts. The capability of increase CADe and CADx performance by using bilateral registration for the extraction of features will be studied in further work.
